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Received June 18, 2010 . Accepted February 11, 2011 . Available online March 11, 2011 . Published April 11, 2011 In vivo proton magnetic resonance spectroscopy ( 1 H-MRS) is a powerful and promising approach to the measurement of biochemical content and pathways in normal and pathological tissue (1) . In the brain, where it is frequently applied, 1 H-MRS complements the information provided by magnetic resonance (MR) images (2, 3) . Quantification of the main metabolites detected by MRS at long or short echo times can provide quantitative information about these substances, which are involved in different processes in the nervous system. In brain tumors, biochemical pathways such as glycolysis can increase lactate levels, abnormal enzymatic activation can increase total choline (i.e., glycerophosphocholine and phosphocholine) levels, and neuronal damage can decrease N-acetyl-aspartate (NAA) levels. Also, many other known and unknown pathological conditions related to genetic, osmotic, nutritional, and energetic stresses change the concentrations of these and other detectable metabolites, such as total creatine (i.e., creatine and phosphocreatine) and lipids.
Several studies have been conducted to assess the metabolic patterns of brain tumors in an attempt to correlate them with the histology of the tumor, aggressiveness, and clinical outcome (4) (5) (6) (7) (8) (9) (10) (11) (12) . Some studies have compared different kinds of spectral fitting methods, either in the time (13) or frequency domain (14) . The aim of the present study was to determine the accuracy of the MRS technique for tumor classification. This was achieved by comparing the quantitative data for a control group with that of patients with brain tumors from an MRS database. MRS data quantification was performed using two methods: a manual method and the AMARES (advanced method for accurate, robust and efficient spectral fitting) semi-automatic method (15) . An additional objective was to determine whether the semi-automatic method showed any improvement over the manual one. A more accurate measurement of the concentrations of these metabolites can contribute to the improvement of diagnosis and of clinical management, and expand our knowledge about the metabolism of brain tumors.
Material and Methods

Subjects
The 1 H-MRS spectral data used in this study were provided by the Neuroimage Laboratory of the University Hospital, University of Campinas (UNICAMP), Campinas, SP, Brazil. They consisted of spectra acquired from 24 normal subjects (control group) and 26 patients with different types of primary brain tumors. The study was approved by the Ethics Committee of UNICAMP and all subjects gave written informed consent. Subject ages ranged from 14 to 71 years. The control group was not paired by age to the patient group although it is well known that the metabolic pattern of brain tissue is age dependent. In the present study, only tumor tissue was considered and in this case metabolism is much more dependent on the tumor itself. Control subjects ranged in age from 19 to 67 years. Magnetic resonance images were used to place the voxel accurately within the tumor. Also, given the size of the tumors studied, voxel contamination with normal tissue was kept to a minimum.
Patients underwent surgery or a biopsy for the treatment or diagnosis of primary brain tumors. The tissue specimens were processed for routine histopathology. Diagnosis was performed on 10-mm thin cryostat sections after hematoxylin-eosin staining and followed the classification system of the World Health Organization (WHO) (16) .
Patients with tumors were divided into three groups according to histological type: group 1: high-grade neuroglial (N = 12); group 2: meningiomas (N = 7); group 3: pilocytic astrocytoma (N = 7). Group 4 (control) consisted of 24 subjects. Table 1 provides further information about the patients and tumors. Patients were not receiving any treatment (clinical or surgical), because the scans reported here were the first step in the clinical investigation. Figure  1 shows examples of original and fitted spectra from these groups.
Scanning protocol
MRS data were acquired at 2.0 T using a head coil in an Elscint Prestige Scanner (Haifa, Israel) and a PRESS sequence with repetition time (TR) = 1500 ms, echo time (TE) = 136 ms, 200 repetitions, spectral width (SW) = 1000 Hz, and 1024 complex data points. Voxels were localized in the white matter for the control subjects, whereas for the patients they were positioned inside the tumor volume. All voxels measured 2 x 2 x 2 cm 3 . Common procedures used in MRS studies, such as automatic shimming, water suppression through CHESS pulses and eddy-currents compensation, were performed for all acquisitions. T 2 -weighted MR images were also acquired in order to visualize the affected area of the brain.
Post-processing and quantification of the signals
The manual post-processing of spectral signals consisted of the use of apodization, varying from 2 to 3 Hz, manual phasing of the spectra, and zero-filling (by a factor of 2). The quantification of metabolites consisted of the integration of peak areas, which was achieved by manually defining the center frequency and the initial and final points of each peak. This procedure was performed directly on the scanner console by a neuroradiologist, and only the main metabolite resonances were quantified: lipids, lactate, NAA, total creatine, choline group, and myo-inositol.
Semi-automatic post-processing of spectral signals was carried out using the jMRUI software (http://www.mrui.uab. es/mrui/mru-Overview.shtml). In order to compensate for a small frequency drift of the equipment, the first step taken was to phase the residual water peak in all the spectra acquired for each scan using a reference signal (acquired without water suppression), then to frequency-align these spectra based on the water peak, and averaging these spectra to obtain a higher signal to noise ratio (SNR) spectrum. Next, the residual water signal, centered around 4.68 ppm, was filtered using the Hankel-Lanczos singular value decomposition routine (17) . Neither zero filling nor apodization procedures were applied to the data. The metabolite peaks of interest were quantified using the semi-automatic time-domain quantitation method AMARES (15) implemented in the jMRUI software. To improve the quantification process, this method relies on prior knowledge entered by the user about the sought resonance peaks (18) . The frequency ranges shown in Table 2 were used for this purpose. They correspond to the metabolite resonances used as markers in the tumor classification scheme. Ranges were centered on the values reported in Refs. 6 and 19. The abbreviated names of the peaks (resonance ranges) were assigned according to the metabolite with the largest contribution to that peak.
A range for the variation of peak line width was also entered. It was based on prior information. These were allowed to vary between 2-14 Hz. No assumptions were made for metabolite peak amplitudes or phases, with the exception of the relative phase of the lactate peak, which was fixed at 180 degrees, since this resonance inverts at the echo time used (136 ms). Also, Lorentzian line shapes were imposed for spectral fitting.
The AMARES method is a time-domain quantification procedure used to calculate the amplitudes of the metabolites in noisy MR spectra. This method uses the following model function to fit each metabolite peak:
where a k is the amplitude, Ф k is the phase, d k is the damping factor, and f k is the frequency of the k-th sinusoid (k = 1,…,K); t n = ∆t + t 0 with ∆t as the sampling interval, t 0 is the time between the effective time origin and the first data point to be included in the analysis, g k is a factor that allows choosing between Gaussian (g k = 1) and Lorentzian (g k = 0) line shapes for each peak, and e n is complex white Gaussian noise. ŷ represents the model function, while the actual measurements are represented by y (15) .
The AMARES method provided estimates for the peak frequency, amplitude, phase, and line width of the aforementioned resonances (Table 2 ). In order to compare the quantitation results for different subjects, the peak area of each metabolite was normalized by the sum of all peak areas. Although this sum varied among the individuals considered, we expected this variation to be smaller than the variation of the creatine peak, normally used as internal reference in cerebral 1 H-MRS, since the concentration of this metabolite in tumor varies in unpredictable ways.
Statistical analysis
Linear discriminant analysis (LDA) was used to obtain a classification model for the groups using combinations of metabolite amounts (20, 21) and the leave-one-out crossvalidation method was applied to assess the reliability of the classifier in our small data set.
Results
Tumor groups
Group 1: High-grade neuroglial tumors. This group, consisting of 12 subjects, contained the most aggressive parenchymal type of tumors: glioblastomas, anaplastic oligoastrocytomas and anaplastic astrocytomas. It was characterized by decreased peak amplitudes of NAA and creatine, metabolic changes usually correlated to neuronal damage and abnormalities in energy metabolism, respectively. The presence of lactate is consistent with tumor aggressiveness. A lipid peak was detected correlating with necrotic tissue, usually present in these tumors ( Figure 1A) . The manual method correctly classified 75% of the patients for this group, against a 78% correct classification achieved with the AMARES method (see Table 3 ).
Group 2: Non-neuroglial tumors. This group contained extraparenchymal originating tumors. In the present study, it was composed of 7 meningiomas (tumors that arise from the arachnoidal cap cells of the meninges). The main characteristic of these spectra was the prominent choline signal ( Figure 1B) . Peaks that characterize brain tissue, such as NAA and creatine, were decreased. The manual method correctly classified 55% of the subjects and the AMARES method correctly classified 70% of them (see Table 3 ). Group 3: Pilocytic astrocytoma. Pilocytic astrocytoma is a benign neuroglial tumor type, and in this study the corresponding group consisted of 7 subjects. Similar to the high-grade neuroglial group, the spectra of this group were characterized by a decreased NAA and creatine signal and by the presence of lactate ( Figure 1C ). For this group, the manual method achieved a classification accuracy of 56%, and the AMARES method achieved an accuracy of 98% (see Table 3 ).
Group 4: Control group. This group was primarily characterized by prominent signals of NAA, choline and creatine, and by the absence of metabolites such as lactate or lipids (see Figure 1D ). The control group was correctly identified by both methods in 100% of the cases (see Table 3 ). Figures 2 and 3 show graphs of the mean values of relative concentrations versus tumor group (groups 1, 2, 3, where 4 is the control group) for each metabolite group (or frequency range) considered. These results are also summarized in Table 3 . It can be seen that both the manual and semi-automatic analyses showed differences in mean metabolite amounts between tumor groups and controls (P < 0.005). The manual analysis showed a greater standard deviation for the measurement of choline, creatine and myoinositol peaks. Also, with this method it was not possible to quantify the glutamate/glutamine group: this is one of the limitations of the manual method since, due to the postprocessing techniques used such as apodization, peaks are enlarged and fewer resonances remain detectable. Table 4 shows the results of LDA (22) . As expected, the semi-automatic method achieved a higher classification rate for all tumor groups. Also, differentiation between normal and tumoral tissue was confirmed with both methods. Figure 4 shows the discriminant distributions of tumor groups for both methods. The factors 1 and 2 in these graphs indicate the main numerical characteristics calculated by LDA that are able to discriminate among groups. These graphs show that the semi-automatic method achieved the best results for tumor groups, showing less variability within groups and better separation between groups. In particular, group 3 (pilocytic astrocytomas) was well separated from the other tumor types by this method. The manual method presented broader and more overlapping distributions.
Group classification
Discussion
Several factors can interfere with the classification of brain tumors using 136 ms TE metabolite markers from in vivo 1 H-MRS signals. Inherent to the technique are: the low SNR resulting from the low-medium magnitude (1-3 Tesla) of the magnetic fields used in clinical applications, together with the low sensitivity of the technique (due to low concentrations of the metabolites studied in the human body); magnetic field in homogeneities arising from a number of Table 3 . Mean quantification results obtained with the manual and semi-automatic methods. different factors (such as eddy currents) that contribute to the uncertainty of the measurements; the residual signals from water and fat that modify the baseline. Also, long TE spectra compromise the quantification of metabolite groups such as glutamate/glutamine, myo-inositol and lipids due to their shorter T2 constant. These limitations may have influenced our results independently of the quantification method used. Particularly for the manual method, the fact that no filtering of the residual water peak was possible may have compromised the quantification of resonances closest to this peak, for example myo-inositol. Indeed, Table 3 shows a decrease of myo-inositol for tumor groups compared to the control group for the manual method, while it shows an increase of this metabolite for the tumor groups compared to the control group for the semi-automatic method. The myo-inositol decrease with the manual method was probably due to errors in the setting of peak limits. The manual procedure tends to restrict peak limits to what really stands out from the baseline, and since the residual water peak was not filtered in this procedure, the baseline around the myo-inositol peak was probably increased, reducing the peak limits and consequently the measured area. From Table 4 , we see that the results obtained with the manual method for differentiating between normal (control) and tumoral tissue were relatively good (a 92% correct classification as tumor or normal). However, the individual tumor classification accuracy was much lower (75, 55, and 56% for the three tumor groups). This is clearly due to the fact that, as can be seen in Figure  1 , normal spectra are quite different from spectra obtained from the types of tumor considered, making it easier for the classifier to differentiate between these two types of spectra, while spectra from groups 1 (neuroglial tumors) and 3 (pilocytic astrocytomas) are more similar, probably accounting for the lower classification rate. Indeed, we found that the more important metabolites that could be used to differentiate among individual tumor groups were lactate/lipids to differentiate between the three groups with both methods; choline to differentiate between group 2 (non-neuroglial) and the other groups with the manual method, and creatine to differentiate between group 2 and the others with the semi-automatic method.
Also, we agree with Lukas et al. (6) that a limited number of patients in each group makes it difficult to build a classifier with a high generalization capacity. In addition, noise due to artifacts, as mentioned earlier, can reduce the quality of spectral data and consequently impair the calculation of metabolite concentrations, even using a semi-automatic method. This partially explains the fact that we have a pronounced overlap between the spectra of different tumor groups. Even with these limitations, using both manual and semi-automatic analyses, we found a metabolic pattern in tumors and controls that was consistent with recent studies (3, 4, 6, 7, (23) (24) (25) (26) (27) . Tumors showed a reduction in the levels of NAA and creatine and an increase in the levels of choline, compared to normal tissue. Also, some tumor groups showed the presence of lactate and lipid peaks in their spectra, which are not usually seen in healthy tissue. It is important to note that both methods identified all controls correctly, confirming the efficacy of the MRS technique for discriminating between normal and pathological tissue. The most evident difference between the manual and semiautomatic analyses was the more specific classification of high-grade tumors obtained with the latter. We attribute this improvement mainly to consistency of the AMARES method for the measurement of the creatine and choline peaks. Due to the apodization used in the manual procedure, these peaks often semi-overlapped, causing a wide variation in the manual determination of peak limits. This was confirmed by the higher standard deviations of these measurements and was particularly true in high-grade neuroglial tumors, where the cell heterogeneity and the microscopic areas of necrosis can cause a global decrease in peak amplitude and damage resolution. Also, in general, the manual method involves more sources of error than the semi-automatic one, mainly due to dependency on analyst subjectivity, particularly in the phasing procedure.
We confirmed that manual and semi-automatic analyses of MR spectra are able to differentiate normal from tumoral tissue. The semi-automatic analysis was more accurate in classifying all tumor groups. The semi-automatic method was acceptable to build a model for classifying the tumor types studied here by their histological diagnosis and, despite the small number of subjects included in the study, the manual and semi-automatic methods were in agreement. We believe that a better classification of brain tumors according to clinical parameters will be possible by expanding our sample database.
